A growing number of studies across different fields is making use of a new class of choice models, labelled variably as hybrid model structures or integrated choice and latent variable models, in incorporating the role of attitudes in decision making. To date, this technique has not been used in health economics. The present paper looks at the formation of such attitudes and their role in patients' treatment choices in the context of low back pain. We use data stated choice data collected from a sample of just under 300 respondents referred to a regional spine centre in Denmark. We show how the hybrid model structure is able to make a link between attitudinal questions and treatment choices, and also explains the variation of these attitudes across key socio-demographic groups. However, we also show how, despite their growing popularity, the key findings of the model, net of a greater insight into the drivers of attitudes and small gains in efficiency, are no different from standard approaches which remain much easier to apply. In the present application, we also show how only a small share of the heterogeneity can be linked to the attitudinal construct.
Introduction
In the study of choices of treatments, discrete choice models are widely used and accepted. These models are used to explain behaviour of patients and HCPs (see de Bekker-Grob et al., 2012 , for a review). Much research has been done concentrating on how to explain differences in utilities between decision makers, focusing on deterministic heterogeneity, e.g. through socio-demographic interactions in a Multinomial Logit Model (MNL) or random heterogeneity in a Mixed Multinomial Logit Model (MMNL) model, or a combination of the two in a Latent Class Models (LCM). An example of such a study is the work of Hole (2008) .
When patients are in a situation where they have to reach a decision whether or not to have treatment for a condition, or what specific treatment to choose, different patients will make different choices.
Some of this heterogeneity can be attributed to the severity of their condition, or past experience, but there is clear scope also for idiosyncratic preferences, and we believe, a key role for attitudes and perceptions. This could be especially the case in situations where considerable uncertainty exists and where even health care practitioners (HCP) are experts. One such example is the case of low back pain (LBP), where diagnosis and the choice of treatment (i.e. surgical versus non-surgical), is distorted by conflicting evidence and by no promise of recovery with either modality (Allen et al., 2009; van Tulder et al., 2002; Gibson, 2005) . This has resulted in a remarkable variance in surgery rates within regions and counties (Irwin et al., 2005a,b; Bederman et al., 2010) and in discussions of the (cost)effectiveness and prioritisation of treatment, both politically and amongst HCPs (Balagué et al., 2012) . MIRJA: I WOULD REMOVE THE NEXT TWO SENTENCES. THEN, IN THE LAST SEN-
TENCE, COULD WE FOCUS MORE ON PATIENTS AND USE APPROPRIATE REFERENCES
FOR SUCH WORK? When HCPs and patients have to make a difficult choice between treatment options, the principal-agent relationship is not made any easier when evidence is also unclear. In spite of, or potentially because of unclear decision contexts, patients as well as HCPs form perceptions relating to the available options based on additional factors not relating to clinical evidence. Studies have shown that HCPs treat patients differently in accordance with their own perception of diagnosis and that HCPs are heavily guided by their beliefs about back pain in general and about the individual patient, in their treatment recommendations Poiraudeau et al., 2006; Houben et al., 2005 Houben et al., , 2004 Corbett et al., 2009; Pincus et al., 2007; Balagué et al., 2012; Bishop et al., 2008;  In line with the above, this paper argues that, possibly particularly in scenarios where clinical evidence is limited or not clear cut, perceptions that the patient forms, either through past experience or through discussion with other patients and/or medical experts, will play a major role in shaping his or her decisions. Researchers outside of health economics have increasingly recognised that a large share of this heterogeneity could be linked to underlying values, perceptions, attitudes and beliefs (BenAkiva et al., 1999) . In settings where we know from contextual evidence that perceptions are vital in decision making, such as in the treatment of low back pain, the inclusion of such factors in our models is arguably especially important.
Surveys in health economics routinely ask questions of respondents with a view to capturing information on underlying attitudes and perceptions. Directly including such responses in the specification of the utility function of a choice model may seem tempting and may well produce reasonable effects.
However, as recognised in a growing body of research (Ben-Akiva et al., 1999; Bolduc and AlvarezDaziano, 2010 , see e.g.), this is theoretically inappropriate and could potentially lead to substantial bias in model outputs and an inability to use a model in forecasting. Two quite distinct factors are at play, relating to risk of endogeneity bias and measurement error. Firstly, responses to questions of an attitudinal nature are likely to be correlated with other unobserved factors which enter the model's error term. If such answers are included in the modelled component of utility, this thus creates a potential for endogeneity bias due to correlation between the modelled and random utility components. Secondly, it should be clear that the answers given to such questions are not direct measures of attitudes or perceptions, but merely a function of such underlying factors. Researchers in the fields of transport, marketing and environmental economics are increasingly acknowledging this by treating these psychological constructs as latent variables in their models. For some examples of applications across different fields, see Hess and Beharry-Borg (2012) ; Abou-Zeid et al. (2010) ; Daly et al. (2012) ; Daziano and Bolduc (2011) .
To the best of our knowledge, researchers in health economics are yet to make use of such hybrid structures in their work. The aim of the present paper is to investigate their potential benefits in capturing the role that perceptions and attitudes may have in explaining treatment choices made by patients. This is done by using stated choice (SC) data collected at a large Danish Spine Clinic, where the survey explicitly explored the process by which perceptions and attitudes are formed, drawing on their past experience and attitudes to treatment. In our empirical work, we analyse how these perceptions influence patients' choices of treatment. This is achieved in a joint model of the formation of perceptions and of the choices made in the survey, using state-of-the-art hybrid model structures.
We contrast the findings from this model to structures allowing for simple random heterogeneity and show how, while the hybrid structures provide some further insights into the formation of attitudes, and some gains in efficiency, the overall results remain largely unaffected. This finding should serve as a reminder to academics and practitioners that this new type of model is not some magic bullet which will radically change results from choice models.
The remainder of this paper is organised as follows. The next section gives an overview of the modelling methodology concerning the integration of choice and latent variables in a hybrid model. This is followed by a description of the empirical data and a discussion of model specification for our specific case study. Next, we present and discuss the econometric results for both samples. Finally the paper discusses the findings and provides recommendations for future research.
Modelling methodology
This section gives a brief overview of hybrid model structures and their use in incorporating the role of attitudes or perceptions in choice models. For more extensive details, the reader is referred to Ben-Akiva et al. (1999 , 2002a ; Bolduc et al. (2005) ; Daly et al. (2012) .
In a standard random utility model, we have that the utility of alternative i as faced by respondent n in choice task t is given by:
where V n,i,t and ε n,i,t give the deterministic and random component of utility, respectively. In a traditional model, we would have that V n,i,t = f (x n,i,t , z n , β), i.e. the deterministic component of utility is given by a function of the attributes of the alternative, x n,i,t , measured characteristics of the respondent z n , and estimated model parameters β, also often referred to as tastes or sensitivities.
In many cases, f () will equate to a linear-in-attributes specification, but we allow for any degree of flexibility with our notation.
The vector z n contains respondent characteristics such as income, age and gender. Imagine now a situation where as part of a survey, an analyst also captures answers from a respondent to L questions about attitudes, perceptions and convictions. Let I n be a vector grouping together these answers, which may take a variety of format, for example being continuous or ordinal in nature, or simple binary yes/no answers. The key reasoning for using hybrid structures is that the simple inclusion of I n in the utility function V n,i,t is theoretically misguided and could lead to substantial problems in model results. In particular, any answers to attitudinal questions or questions about perceptions are not direct measures of such attitudes or perceptions, but only functions thereof, or indicators. The simple inclusion of I n in V n,i,t could thus lead to problems with measurement error, where this is further compounded by the fact that the values in I n are often captured on a ordinal scale. Secondly, there is likely to be correlation between the answers in I n and other unobserved factors influencing the behaviour of respondent n -the fact that such factors are captured in ε i,n,t could thus lead to correlation between V n,i,t and ε i,n,t and a risk of endogeneity bias. Finally, when forecasting of decisions is of interest, as it often is especially in fields such as transport or marketing, then values of I n would not be available in the forecast period, making forecasting impossible.
The approach taken to deal with these problems in hybrid models is to see I n as a dependent variable rather than an explanatory variable. In particular, we hypothesise that the true underlying attitudes and perceptions of respondent n, described by a vector of K unobserved (or latent) variables α n , are influencing the answers that a respondent gives to questions of an attitudinal or perceptional nature (i.e. I n ) while also driving the behaviour in the actual choice situations. To this extent, α n is used in such models to explain both I n and C n , where the latter refers to the sequence of choices observed for respondent n. Figure 1 show the outline of such a hybrid model structure.
The latent variable α n is by nature unobserved and a key component of it is given by a vector of K random disturbances, ξ n , which are assumed to follow a Normal distribution with a mean of zero and a covariance matrix Ω ξ , where we typically assume that the off-diagonal elements in Ω ξ are all zero, i.e. the individual latent variables are uncorrelated. In addition to the random component, we also allow for deterministic effects in α n , specifically through socio-demographic interactions, such that:
where ξ n is already defined above, as is z n , and where γ is a matrix of K rows (one per latent variable) with sufficient columns to cover all elements in z n . Once again, the specific functional form used for g () is left to the analyst to decide, but generally, a linear specification will be used. Equation 2 gives the structural equation for the latent variables in the hybrid model.
As a next step, we use α n to explain the values of the indicators of attitudes and perceptions for respondent n, specifically using:
where once again a decision needs to be made on the functional form of h () and where δ In is a vector of constants, ζ is a vector of estimated parameters and ψ n is a random disturbance. Equation 3 gives the measurement model for the indicators. The specific assumption for the random distribution of ψ has an impact on the likelihood function for the observed values. For example, if an assumption is made that the elements in ψ n are normally distributed, then the probability of the observed value for indicator I n,l would now be given by:
In this specification, we assume a relationship between this indicator I n,l and latent variable α n,k , and where the same latent variable is potentially used for multiple indicators. The inclusion of the constant for indicator I n,l , i.e. δ I,l becomes superfluous if we centre all indicators on zero by subtracting their mean. In the above specification, a positive value for ζ l,k would mean that as α n,k increases, the likelihood of a higher value for I n,l would increase too. Various other approaches are possible, where e.g. Daly et al. (2012) advocate the use of an ordered logit approach for ordinal indicators.
Independent of the approach used for individual indicators, including where a mix of approaches is used across them, we can now write the probability of the observed set of respondent provided answers as:
where ζ is a vector of estimated parameters showing the impact of the various latent variables on the various indicators, and where Ω I is a set of parameters relating to the specification of the measurement model, for example standard deviations in the case of normal densities, or thresholds in the case of an ordered logit or probit specification.
The final component in the hybrid model is the choice model component, where the latent variables are now incorporated into the utility specification, such that V n,i,t = f (x n,i,t , α n , z n , β, τ ), where τ is a vector of parameters that measures the impact of the latent variable in the utility function. This could consist of interactions with alternative specific constants and/or marginal utility coefficients.
The estimation of this hybrid structure now entails a set of additional parameters in comparison with a basic model. In particular, we need to estimate the vector of parameters γ which link the latent variable to socio-demographic characteristics of the respondent, the set of parameters Ω I which are the parameters used in the measurement model, and the vector of parameters τ which capture the impact of the latent variable in the utility functions of the choice model. There is also the vector of diagonal elements of Ω ξ , i.e. the variances used in the structural equations for the latent variable.
A normalisation of the scale of the latent variables is required. Two different normalisations exist, either putting a constraint on the vector τ , as done by Ben-Akiva et al. (1999) , or on the variances of the latent variables, as done by Bolduc et al. (2005) . As shown empirically by Daly et al. (2012) , the two normalisations are formally equivalent. In addition to these various parameters, we also need to estimate the core choice model parameters β, either as point estimates or the parameters of their distribution in a random coefficients model 1 .
The hybrid model is thus made of two key components, a choice model and a measurement model, both of them depending on α n , and both components are estimated simultaneously 2 , with final loglikelihood function given by:
where we use the Bolduc et al. (2005) normalisation, such that no elements of Ω ξ need to be estimated.
In Equation 6, P Cn gives the likelihood of the observed sequence of T n choices for respondent n, which will typically be given by a product of logit probabilities (allowing for random heterogeneity through 1 In our application, we rely on point estimates, i.e. an absence of additional random heterogeneity. 2 Sequential estimation is also possible, but leads to a loss of efficiency.
the integration over β). In particular, we would have:
where i * n,t is the alternative chosen by respondent n in task t, and where as stated above, we have that V n,i,t = f (x n,i,t , α n , z n , β, τ ). Next, P In gives the likelihood of the observed sequence of answers to the attitudinal questions, which is given by 5. Both P In and P Cn depend on the latent component α n , while the P Cn also depends on the randomly distributed β parameter. Integration of the product of P Cn and P In over the distribution of β and α is thus needed, and this explains the presence of the density function for the random component in α, i.e. φ (ξ) and the density function for β, i.e.
. The latter is a function of an estimated vector of parameters Ω β , while the parameters of the former have been normalised for identification (means to 0, variances to 1).
In practice, Equation 6 does not posses a closed form solution such that typically, simulation based estimation of the model is used, evaluating P Cn P In at a large number of draws from β and α. Finally, when no random heterogeneity in β is accommodated in the model, the integration over β drops out from Equation 6, and we estimate a vector of point values for β, rather than the parameters of its distribution, Ω β .
The contrast between this hybrid model and deterministic approaches employing the answers to attitudinal questions as explanatory variables in the utility function is that the hybrid model still makes uses of these answers I n but treats them as dependent variables in a measurement component of the joint model rather than as explanatory variables. The link between the two components is made through the latent variable. The use of I n as dependent variables avoids the risk of endogeneity bias, while the use of a random component in α n recognises our inability to accurately measure attitudes, perceptions and convictions. Finally, this model is directly applicable to forecasting, where, post estimation, the measurement component of the model can be removed, such that no role for the indicators I n remains in the forecast calculations.
Experimental design, data and descriptive results Table 1 show the various attributes used in the surveys, along with the levels for each attribute.
Additionally, we show the expected direction in which a change in attribute levels would affect utility. A total of 561 questionnaires were handed out to patients of which 348 were returned, corresponding to a response rate of 62 %. All patients receiving a questionnaire were included in a database and analysis of non-response amongst patients was performed using appropriate tests and showed no difference between the response and non-response groups in terms of mean values of age, gender and back-or leg pain. Patients giving missing information for any of the core variables included in the analysis were excluded, resulting in a final sample size of 297 respondents 3 .
The SC scenarios were developed using Ngene (Choicemetrics, 2010) , using a Bayesian D-efficient design. Priors were obtained from a multinomial logit model based on quantitative pilot study with 17 responding patients each answering ten choice tasks, and through qualitative work including interviews with HCPs. For full details, see Kloejgaard, M.; Bech, M.; Soegaard, R. (2012) . The final design contained 18 choice scenarios. To reduce respondent burden, these were split into three blocks of 3 Core variables include the answers to the indicator questions, the choices, and the socio-demographic variables used. While missing socio-demographic variables could have been imputed, this can be unreliable, especially with a relatively modest sample size. For respondents with missing indicators and choices, we took the decision that it was preferable to remove such respondents completely rather than include them with only a limited set of dependent variables. six tasks, where orthogonal blocking was used to ensure no correlation between blocks and attribute combinations. The patients were randomly distributed between blocks and no significant differences concerning age, gender and mean pain values was observed between blocks. In each task, the survey presented respondents with three treatment options from which they were asked to indicate their preferred option, with the first two alternatives representing the hypothetical treatment options, and the remaining option being a no-choice option. An example choice set is shown in Figure 2 . MIRJA:
HAVE CUT THE TEXT ABOVE THE SCREENSHOT
The attributes included in the survey reflected the treatment, its effects and risks as well as a time aspect, mirroring the differences in outcomes experienced by patients taking part in both surgery and non-surgical cross-disciplinary therapy (Bederman et al., 2010; Chou et al., 2009; Weiner and Essis, 2006) . The qualitative work suggested that these attributes best reflected the complexity of the treatment choice faced by patients and also included the majority and most important aspects of the drivers for a choice. The levels used in the survey were based on qualitative and quantitative tests of different levels and were intended to ensure trade-offs while remaining realistic (Kloejgaard, M.; Bech, M.; Soegaard, R., 2012).
In addition to the answers to the SC questions, data on background, socio-economic characteristics and experience with and attitudes towards treatment options was gathered and is summarised in Table   2 . The included questions were based on the validated Dallas Pain Questionnaire and on a widely used LBP scale. For the attitudinal indicators, we focused on current situation regarding pain and impact on their lives, as the literature points to more pain and everyday problems as a motivation for preferring surgery (Bederman et al., 2010; Bridwell et al., 2000; Lurie et al., 2008; Turner et al., 1998) . A similar effect on preferences has been shown for patients with longer pathways and more experience with different non-surgical treatments (Lurie et al., 2008) . For patient characteristics, we included a range of common socio-demographic questions as well as questions on recommendations of treatments, hypothesizing that patients were affected by the advice of others.
MIRJA: CAN YOU REDO THE GRAPH FOR FIGURE 3, EXCLUDING THE ANSWERS FOR THE HCPs, PLEASE?
The answers to attitudinal indicators are summarised in Figure 3 . As can be seen, patients' answers to the six first indicator questions (I 1−6 ) regarding back-and leg pain show that current back pain is quite evenly spread on the scale, while, as expected, the worst possible pain experienced is quite rare. Regarding average back pain, respondents score this to be less severe than the worst experienced pain, but more severe than their present state. The same picture is seen for leg pain, although in general leg pain is rated less severe. More than 20% state they use pain killers all the time (I 7 ), but a little less than 20% never use pain killers. The same pattern of heterogeneity is observed for sleep disturbances (I 8 ), where 10% feel they are always disturbed while a similar amount is never disrupted.
Few respondents feel they need a lot of support from friends and family or that their condotions have influenced their relationsships (I 9−10 ) and even fewer feel that they are met with frustration from their surroundings(I 11 ).
Results for the last two indicators are shown in Table 3 . Most patients have visited a range of HCPs (I 12 ), especially physiotherapists and chiropractors, and most preferred non-surgical treatment when asked ex-ante(I 13 ). Table 3 further shows results of patients' characteristics. Patients were primarily low-to middle income and covered a broad age spectrum. Half the patients were employed and half had taken sick-leave due to back pain. If patients had had any treatment recommendation from HCPs or their GP, it tended to be non-surgical. Patients' friends and families were more likely to have recommended treatment and also favoured non-surgical options.
Model specification
In this section, we explain how the model structure presented in the modelling methodology section was used in the present case study. We estimated four different models, namely a Multinomial Logit (MNL) model, a Mixed Multinomial Logit model (MMNL), and two hybrid model structures. We will now look at the specification of the four models in turn. A crucial component in the comparisons across models is a consistent treatment of socio-demographic characteristics, ensuring that the MNL and MMNL base structures equate to reduced form versions of the hybrid structure (cf. Vij and Walker, 2012 ). All models were coded and estimated using Ox 6.2 (Doornik, 2001) . To try to avoid issues with local optima as much as possible, we ran the models with numerous different sets of starting values, in addition to each time using an approach that starts from the position of the best fitting set of starting values from a set of 1,000 randomly selected combinations. In the models with random coefficients, we made use of 500 MLHS draws per respondent and per random component (cf. Hess et al., 2006) . Finally, the repeated choice nature of the data was recognised in the specification of the sandwich matrix for estimating robust standard errors (cf. Daly and Hess, 2011) .
MNL model
In the MNL model, the following specification was initially used for the utility for alternatives 1 and 2 for both patients and HCPs.
V n,j,t = δ j + β surgery · x surgery,n,j,t + ∆ GP recommended surgery · z GP recommended surgery,n + ∆ HCP recommended surgery · z HCP recommended surgery,n + ∆ friends or family recommended surgery · z friends or family recommended surgery,n + ∆ employed · z employed,n + ∆ previous sick leave · z previous sick leave,n + ∆ age 45-54 · z age 45-54,n + ∆ income between DKK200,000 and DKK400,000 · z income between DKK200,000 and DKK400,000,n + ∆ income above DKK400,000 · z income above DKK400,000,n + β ADL fewer · x ADL fewer,n,j,t + β ADL none · x ADL none,n,j,t + β pain less · x pain less,n,j,t + β pain none · x pain none,n,j,t + β risk 20 · x risk 20,n,j,t + β risk 30 · x risk 30,n,j,t + β wait 3 months · x wait 3 months,n,j,t + β wait 6 months · x wait 6 months,n,j,t + β wait 12 months · x wait 12 months,n,j,t
This specification applies to j = 1, 2, where δ j is a constant estimated with j = 1 and fixed to zero (for identification) with j = 2. For the five attributes describing the alternatives, we dummy coded the attributes, where the base level was fixed to zero (for identification), which applies to non-surgical treatment 4 , same level of ADL, same level of pain, and the lowest level of risk or relapse (10 %) and waiting time (1 month). This thus initially led to the estimation of ten β parameters.
The decision to not use a continuous specification for weight time was motivated by a desire to investigate possible non-linearity in sensitivities 5 . This produced an interesting finding, with results
showing no significant differences between the three estimated waiting time parameters, meaning that a single term is estimated in that group, namely β wait>1 month , i.e. for waiting times of more than one month. It should be noted that this does not mean that patients ignore the waiting time attribute,
given that all three initial estimates (β wait 3 months , β wait 6 months and β wait 12 months ) were significantly different from zero. Rather, there was no significant difference between them, suggesting that patients have a threshold preference, treating all options with waiting times of over one month in the same 4 It is not the case that each choice set includes exactly one surgery option and one non-surgery option, plus the opt out. In some of the tasks, there are two surgery options, while in others there are two non-surgery options. So treatment modality was an attribute rather than a label of the alternative alone.
5 With only four levels for the attribute, any parameterization of the non-linearity would have suffered from the low number of support points on the marginal utility distribution. Clearly, estimating level specific coefficients gives the highest amount of information possible.
way.
We in addition estimated shifts in the preference for surgery for a number of key socio-demographic groups, testing the impact of past recommendations by either GPs, HCPs, or friends and family, the impact of employment status, past sick leave, being aged between 45 and 54, and falling in two different income groups. Other interactions were found not to be significant.
The utility function for the no treatment alternative was specified by a constant, such that:
MMNL model
In the MMNL model, we allowed for random heterogeneity in the preference for surgery 6 . In particular, let V n,j,t,surgery be the part of the utility function that relates to the surgery attribute, i.e., in Equation 8, we would have that V n,j,t,surgery = β surgery · x surgery,n,j,t . In the MMNL model, we replace this by:
V n,j,t,surgery = β surgery · x surgery,n,j,t + σ surgery · ξ 1,n · x surgery,n,j,t
where all utility components other than those relating to the surgery attribute (x surgery,n,j,t ) remain unchanged from the MNL utility function in Equation 8. With this specification, ξ 1,n is a random variate that follows a standard Normal distribution across individual respondents but is held constant across choices for the same respondent. This ensures that the preference for surgery now follows a Normal distribution across respondents, with mean β surgery and standard deviation σ surgery . The choice of the Normal distribution was specifically motivated by the fact that some individuals may prefer surgery over non-surgical treatment, with the opposite applying to others.
Hybrid model
In the hybrid model, we hypothesized that patients have underlying perceptions regarding the choice of treatment modality and that these are drivers for the observed choices. Hence, we created a latent variable focusing on treatment modality. The choice of latent variable was based on simple analysis
showing that the modality attribute had a big impact on econometric models in both samples, a result in line with others' findings (Lurie et al., 2008) . The presentation of the hybrid model structure focusses on three separate components, namely the specification of the structural equation for the latent variable, the specification of the measurement model, and the specification of the utility function in the choice model component.
Structural equation for latent variable
As outlined above, a single latent variable is used in our models, relating to an underlying pro-surgery attitude. For consistency with the choice model, we use the same socio-demographic characteristics in the latent variable, where the separate identification of two parameters associated with the same characteristic is ensured by the fact that for one of them, the value is driven by both the choice data and the indicator variables. In particular, we have that:
α n = γ GP recommended surgery · z GP recommended surgery,n + γ HCP recommended surgery · z HCP recommended surgery,n + γ friends or family recommended surgery · z friends or family recommended surgery,n + γ employed · z employed,n + γ previous sick leave · z previous sick leave,n + γ age 45-54 · z age 45-54,n + γ income between DKK200,000 and DKK400,000 · z income between DKK200,000 and DKK400,000,n + γ income above DKK400,000 · z income above DKK400,000,n
where ξ 2,n is defined as in Equation 2.
Specification of measurement model
A total of 13 indicators were used, as listed in Table 2 . A decision was taken to use a continuous specification despite the categorical nature of the first 12 indicators. This is a potential limitation, but could not be avoided as it would not have been realistic to use an ordered specification given the resulting proliferation of parameters with 10 levels for the indicators.
These 12 indicators were first centred on zero by subtracting the sample mean, after which their value could be explained using Equation 4, with two parameters estimated for indicator I 1 , namely ζ I 1 to measure the impact of the latent variable on the indicator, and σ I 1 for the standard deviation, where a constant is no longer needed following the centring on zero. For the first twelve indicators, we would thus have that:
for l = I 1 , . . . , I 12 .
For the final indicator, we used a binary logit model to explain whether a patient has a preference for surgery, with a constant δ I 13 estimated alongside an impact of the latent variable, given by ζ I 13 . This would thus give us: P I n,13 = (I n,13 == 1) e (δI 13 +ζ I 13 αn) + (I n,13 ! = 1)
1 + e (δI 13 +ζ I 13 αn) 
Specification of utility in choice model
Two different version of the hybrid choice model were estimated, one as an extension of the MNL model, and one as an extension of the MMNL model. For the former, we now rewrite the component of utility relating to the surgery attribute as:
V n,j,t,surgery = β surgery · x surgery,n,j,t
while, for the MMNL model extension, we use:
V n,j,t,surgery = β surgery · x surgery,n,j,t + σ surgery · ξ 1,n x surgery,n,j,t + τ surgery · x surgery,n,j,t · α n .
With either model, τ surgery now measures a deviation from the mean preference for surgical treatment as a function of the latent attitude.
Results
The main estimation results are summarised in Table 4 . Looking first at model fit, we can see that the MMNL model obtains an improvement of 85.09 units in log-likelihood over the MNL model, which, at the cost of just one additional parameter, is significant even at very high levels of confidence. The overall model fit for the two hybrid models cannot be directly compared to that for the MNL and MMNL models, as it relates to both the choice data and the explanation of the indicator variables.
We observe an improvement in log-likelihood by 75.4 units when moving from the first hybrid choice model to the second, where this is highly significant at the cost of just one additional parameter (σ surgery ). The improvement is a little smaller than what we see when moving from MNL to MMNL, a reflection of the fact that some of the heterogeneity across respondents in the preference for surgery is now also explained by the latent variable α.
It is also possible to factor out the portion of the log-likelihood that relates only to the choice data, i.e.
the first component in Equation 6, relating to P Cn . From this, we can observe that the explanation of the choice data is better in Hybrid 1 than in MNL, while it is equivalent in Hybrid 2 and MMNL, bar simulation noise. We also see that the explanation of the choices in Hybrid 1 is below that of MMNL.
All three findings are entirely consistent with intuition, as we will now explain. Firstly, the better log-likelihood for the choice component in Hybrid 1 compared to the MNL model is to be expected given the additional parameter τ , which now allows for random heterogeneity. Secondly, the lower log-likelihood for the choice component in Hybrid 1 compared to the MMNL model is to be expected given that, in the latter, the random heterogeneity in the preference to surgery is freely estimated on the choice data alone, while, in the former, it is constrained by the joint maximisation on the choice data and the indicators. Finally, MMNL and Hybrid 2 would indeed be expected to offer the same loglikelihood on the choice data, given that, with either, the heterogeneity in the preference for surgery follows a Normal distribution (a sum of two Normals in Hybrid 2 ), and with the same flexibility being incorporated in relation to deterministic heterogeneity. This is in line with theory, as discussed by Vij and Walker (2012) . This then raises the question as to the actual benefit of the hybrid framework, and this is twofold. Firstly, there is a gain in efficiency by making use of additional data. Secondly, we are able to decompose the heterogeneity into a part related to attitudes as captured by the attitudinal questions, and a remaining purely random part. We will return to both points below.
We first focus on the main effects across all the models. We note a negative estimate for δ 1 , while the estimate for δ nc is not significant in any of the models. This indicates that, all else being equal, and with the middle alternative being the base (δ 2 = 0), we observe a slight preference for choosing the second alternative. The parameter associated with surgery is negative and significant across all models, indicating a preference for non-surgical treatment over surgery. We also observe that respondents have positive utilities for less pain and even more so for no pain, as well as for fewer and even more so for no problems with activities of daily living. This preference is stronger for pain reductions than for problems with activities of daily living. An increase in risk of relapse from 10% to 20% is not statistically significant in any of the models, while an increase to 30% is highly significant and valued negatively in all models. This justifies avoiding a linear specification for this attribute. As already mentioned earlier, we see a constant sensitivity against waiting times greater than 1 month.
We next turn to the heterogeneity in the preference for surgery, focussing first on the parameters relating only to the choice model component. We first see positive impacts of others recommending surgery, where these are however only significant at usual levels for GPs in the MMNL model, and for friends and family in both the MNL and MMNL models. The impact of GPs' recommendations is most positive, followed by friends and family and then HCPs. None of the other socio-demographic effects (employment status, past sick leave, age and income) shows significant effects in any of the models. Finally, the estimate for σ surgery is highly significant in both the MMNL and Hybrid 2 models,
showing the presence of random variations in the preference for surgery. With the estimate for β surgery being almost identical in the two models, we can see that the degree of relative heterogeneity is lower in the Hybrid 2 model; this is a direct reflection of the fact that some of that heterogeneity is now captured by the latent variable.
The benefits of the hybrid structures in terms of efficiency are clear to see when looking at the estimates and significance levels for the socio-demographic terms in the latent variable (γ). We now observe significant positive effects on the latent variable for recommendations from friends and family, where, contrary to the estimates from the ∆ terms in the choice model component, we note that these recommendations matter more than those from HCPs and GPs, with the lowest value attached to the latter. Furthermore, we observe a negative and significant impact on the attitude towards surgery for respondents in employment, presumably due to the implied disruption to work life. This is also consistent with the positive estimate for respondents who have had to take sick leave in the past, where this is again significant in both models. We see a significant positive impact on the latent attitude for respondents in the middle age group, while, albeit not significant at usual levels, the attitude towards surgery becomes more negative with higher income. In both of the hybrid structures, the estimate for τ surgery is positive and significant, showing that a more positive latent attitude leads to a greater preference for surgery in the choice model component.
As discussed earlier, the latent variable also includes a random disturbance, which follows a standard Normal distribution. This then means that the latent variable also contributes to the random heterogeneity in β surgery in the choice model. Some important observations can be made here. Remembering that the coefficient of variation ( σsurgery βsurgery ) in the MMNL model was equal to 1.01, we can see a drop in the heterogeneity in the Hybrid 1 model to 0.34. This is again a direct reflection of the fact that in the latter, the estimation of the heterogeneity in the choice model component is constrained by the fact that any heterogeneity needs to be perfectly correlated with the heterogeneity in the measurement model. In the Hybrid 2 model, this requirement disappears, and, as a result, we see essentially the same level of overall heterogeneity in the choice model component as in the MMNL model, with √ σ 2 surgery +τ 2 surgery βsurgery = 1.01, in line with theory. It also becomes clear that only a small share of the overall heterogeneity is in this case linked to the latent variable, which is responsible for just over 6% of the total variance. Two possible interpretations arise. Firstly, there is a possibility that the heterogeneity in the preferences towards surgery is largely unrelated to attitudes and perceptions, and this would line up nicely with the reasoning that there exists substantial uncertainty as to the benefits of either treatment modality. Secondly, there is a possibility that the attitudinal statements used in our work capture attitudes that are not directly linked to heterogeneity in preferences for surgery. In reality, a mixture of the two potentially applies, though we wish to highlight again the background work that went into formulating the attitudinal questions.
The final component of the hybrid structure, the measurement model, explains the impact of the latent variable on the range of indicator variables, where the labelling in Table 4 is that from Table   2 . The 6 indicators (I 1 − 6 ) of back-and leg pain all have a positive and significant associated ζ parameter, meaning that a more positive latent pro-surgery attitude is associated with higher stated pain levels. The same pattern is seen for intake of pain-killers (I 7 ) and disturbances during sleep (I 8 ). Higher pro-surgery latent variables are also associated with a greater perceived impact of LBP on relationships with family and friends (I 9 ), the perceived need for support (I 10 ) and the perceived level of frustration caused to others (I 11 ). The number of visits to HCPs (I 12 ) is only weakly linked to the latent attitude, but a higher latent pro-surgery attitude is strongly linked to a higher probability of stating a preference for surgery (I 13 ), where the negative associated δ I 1 3 term indicates an overall preference for non-surgical treatment (cf. Equation 13).
Substitution Rates
As a final step in our analysis, we now proceed with a further comparison of results across the four models. To avoid issues with scale differences, this comparison is carried out with the help of marginal rates of substitution, i.e. looking at the change in an attribute required to compensate for a change in another attribute to keep the total utility constant. Traditionally, researchers calculate marginal willingness to pay, using respondents' marginal utility of price as a denominator in ratios of coefficients.
In health economics, time is often used as a payment-vehicle instead (Gerard et al., 2004; Gerard and Lattimer, 2005; Ratcliffe, 2000; Ryan et al., 2001; Yi et al., 2011) , as a price attribute would not mimic the real world scenario of no direct user payment for the provision of health care in many European settings.
As a MRS is basically just a ratio between the marginal utility of two attributes, examining the relative importance of attributes to one another, any coefficient can in principle be used as the denominator.
The use of a time coefficient is generally motivated by the continuous linear treatment of the associated attribute and researchers rarely test whether this assumption of linearity holds, and thus potentially calculate MRS based on incorrect premises. In this data, the sensitivity to the time attribute was found not to be linear, as a simple step function emerged. As a result, the use of time as the base of comparison was not appropriate. Instead, we used the risk of relapse of 30% as the denominator, meaning that our MRS measures give the relative importance of a change in a given attribute compared to an increase from 10% to 30% in the risk of relapse. This limits us from comparing MRS to other studies, which given the specificity of the case and the limited literature is not easy in any case.
The results of these calculations are summarised in Table 5 . For all attributes, the MRS was simply calculated as the ratio between the associated coefficient and the coefficient for a risk of 30%. Given the normalisations used for the different attributes, these MRS thus present the relative sensitivity to a move away from the current level of ADL, the current level of pain, and a waiting time of 1 month respectively, compared to an increase in the risk of relapse from 10% to 30%. For surgery, it presents the relative sensitivity of moving from non-surgical to surgical treatment, again relative to that increase in the risk of relapse. For this specific MRS, we obtain a distribution across respondents, as a function of both the socio-demographic interactions and the random components, each time in both the choice model component and the latent variable. implies that the change in utility resulting from moving away from the baseline of that given attribute is greater than that of the increase in risk from 10% to 30%. The opposite applies for |MRS|< 1.
Looking at the MRS derived from the MNL estimates, a move from non-surgical to surgical treatment is on average valued around three times as negatively as a risk increase from 10% to 30%. For the three types of representative individuals (out of the 256 different combinations of socio-demographic groupings), we first look at the type of patient with the highest pro-surgery attitude, namely one who has been recommended surgery from both HCPs and family, is unemployed and middle-aged, belongs to the lowest income group and has experience with sick leaves. This type of patient actually has a strong preference of surgical over non-surgical treatment, all else being equal, where the absolute preference is five times as strong as the sensitivity to a move from the lowest to the highest risk level.
At the other extreme, we have a type of patient so averse to surgery that a move from non-surgical to surgical treatment is valued almost five times as negatively as the increase in risk from 10% to 30%, this being a patient who has not had any recommendations of surgery, is employed and is in the highest income group. Finally, the MRS is smaller in absolute value for a patient with a surgery recommendation only from a practitioner and who is employed and in the middle age group as well as highest income group, but who has not had any past sick leave. Improvements in ADL or pain are valued more positively than increases in risk are valued negatively, where these differences are more substantial for pain. An increase in waiting time beyond 1 month is worse than an increase in risk from 10% to 30% by a factor of almost two.
Turning to the MMNL model, we see a much broader range for the MRS related to surgery across respondents, an obvious result of incorporating random heterogeneity in preferences. Additionally however, we observe differences in those MRS measures not related to surgery, an indication that failing to capture the heterogeneity in the sensitivity to surgery can also impact on other parameters.
As would be expected from theory and given the main estimation results in This paper has offered detailed information on how a joint model, integrating observations of choices and answers to subjective questions, is designed. By using SC data collected in the difficult field of treatment of LBP, we show that patients' choices of treatment for their condition, and doctors' preferences for different treatment options and hence the advice they give, can be partly described by underlying latent attitudes. Our results suggest that not accounting for underlying attitudes might produce less accurate results. Indeed, the hybrid model used in this paper provides further insights into preferences and explains the drivers of attitudes that influence these preferences.
The empirical results are interesting and valid on their own, but are not surprising. A link between higher levels of pain and more negative effects on life and a pro-surgery attitude makes intuitive sense. The same can be said about a link between being employed and having higher incomes and a more negative attitude towards surgery. Similarly, the result that medically trained HCPs are more in favour provides a sensible explanation. Interestingly though, results point to a negative effect on the pro-surgery attitude for more experienced HCPs. This could indicate that HCPs work to learn or experience little or no effect of surgery. Equally captivating is the results of no effects of surgical recommendations from professionals to patients while recommendations by friends and family have a significant impact. This suggests that patients are significantly influenced by peers, a finding which might not be surprising but which is often overlooked or not measured in the literature on preferences in health economics. In this particular case, with unclear evidence in terms of outcomes of any particular treatment, this finding is less worrisome that what it could be in other settings.
Future research should be dedicated to looking into the influence of peers on patients' preferences and joint decision making of patients and their families or friends. Any influence should also be accounted for in our models. It seems plausible to suggest that the effect found in this study is not context specific.
Interestingly, our results also show that HCPs are quite successful in knowing their patients' preferences as mean MRS estimates are similar for both HCPs and patients, albeit with an overestimation of the sensitivity to risk.
All in all, results show a strong impact on choices and substitution patterns by the latent factor.
It seems clear that in this setting, HCPs have a very difficult task in guiding their patients and communication on expectations, attitudes and possibilities from both HCPs and patients is key. The study also provide additional information to the policy discussion about treatment choices and surgery rates and suggests that patients' choices of treatment modality is multifaceted.
INCORPORATE: Response: From our review of the literature and based on initial results for both patients and HCPS, treatment modality was clearly a very important issue the main issue driving choices. Influences of attitudes on other factors are likely to exist, but the data collected was mainly focused on attitudes towards/experience with choosing between treatment options. As a result, Hence the choice of latent variable was data-driven as well as based on a thorough literature review and expert interviews etc.. We do however now also acknowledge this as a potential area for future work.
We believe that the type of model used in this paper shows great promise for future studies in health economics. Integrating choices with latent variables is arguably of even greater importance in cases of confusing evidence, such as LBP, but it seems evident that beliefs are utterly important in decision making in health care in general. It is equally evident that hybrid models have substantial advantages in terms of explaining heterogeneity opening the way for more precise willingness to pay measures or substitution rates, and ultimately better policy recommendations. As with the choice of attributes and levels, researchers should carefully choose indicators and characteristics to include in the hybrid models as part of thorough qualitative work, prior to designing choice surveys. Future studies should look at different health topics, include more data from HCPs and also look at the use of multiple latent attitudes in a single model. Table 2 
